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Abstract
Unsupervised Domain Adaptation (DA) is used to
automatize the task of labeling data: an unlabeled
dataset (target) is annotated using a labeled dataset
(source) from a related domain. We cast domain
adaptation as the problem of finding stable labels
for target examples. A new definition of label stabil-
ity is proposed, motivated by a generalization error
bound for large margin linear classifiers: a target la-
beling is stable when, with high probability, a clas-
sifier trained on a random subsample of the target
with that labeling yields the same labeling. We find
stable labelings using a random walk on a directed
graph with transition probabilities based on label-
ing stability. The majority vote of those labelings
visited by the walk yields a stable label for each
target example. The resulting domain adaptation
algorithm is strikingly easy to implement and ap-
ply: It does not rely on data transformations, which
are in general computational prohibitive in the pres-
ence of many input features, and does not need to
access the source data, which is advantageouswhen
data sharing is restricted. By acting on the original
feature space, our method is able to take full ad-
vantage of deep features from external pre-trained
neural networks, as demonstrated by the results of
our experiments.
1 Introduction
Unsupervised domain adaptation (DA) addresses the prob-
lem of building a good predictor for a target domain using
labeled training data from a related source domain and tar-
get unlabeled training data. A typical example in visual ob-
ject recognition involves two different datasets consisting of
images taken under different cameras or conditions: for in-
stance, one dataset consists of images taken at home with a
digital camera while another dataset contains images taken in
a controlled environment with studio lightning conditions.
In some cases, the source domain is related to the target
one, but predictive features for the target domain may not
even be present in the source domain as illustrated in the toy
example in the figure. For instance this phenomenon can hap-
pen in natural language processing, where different genres
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(a) Source domain
ht
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Figure 1: A simple dataset for DA, the vertical dimension is relevant
for the target domain, but not for the source.
often use very different vocabulary to described similar con-
cepts. Here the target domain is rotated 45 deg compared to
the source domain. A linear classifier hs for the source do-
main will have an accuracy of only around 84% on the target
domain. If we perform feature selection on the source data,
then we lose a feature that is relevant to the target domain
and we will not be able to improve the accuracy. However,
the two classes are well separated in the target domain, and it
should be possible to find a large-margin classifier separating
the classes.
Just trying to separate the classes in the target domain is not
enough, mainly because this does not tell us which class is
which, since no labeled target data are available. For that we
need to use the relation to the source domain. More generally,
there is a trade-off between having a classifier that separates
the classes in the target domain, and a classifier that stays
close to the knowledge from the source domain. We propose
to model such trade-off by casting domain adaptation as the
problem of finding a ‘stable’ label for each target example.
We introduce the notion of labeling stability, motivated by
a generalization bound for linear large margin classifiers: a
target labeling is stable when, with high expectation, a target
hypothesis trained on a random subsample of the target data
with that labeling yields the same labeling. To find stable tar-
get labelings we use a formalization based on random walks.
We define a Markov chain with states equal to labelings from
large margin linear classifiers and one-step transition proba-
bilities defined using the proposed notion of labeling stability.
Then we perform a random walk starting at the labeling ob-
tained from the source hypothesis. The walk will be attracted
toward more stable labelings, which will be visited more of-
ten. The majority vote of the labelings visited by the walk
provides our final estimated label for each target example.
We call the resulting unsupervised adaptation algorithm
RWA (Random Walk based Adaptation). RWA is strikingly
simple to implement and apply. It does not rely on data trans-
formations, which are in general computational prohibitive
in the presence of many input features. RWA does not need
to access the source data. It acts on the original feature space,
hence can take full advantage of the use of deep features from
external pre-trained deep neural networks, as demonstrated
by the results of our experiments. Results of extensive exper-
iments on sentiment analysis and image object recognition
show state-of-the-art performance of RWA across adaptation
datasets with diverse nature and characteristics. Notably, us-
ing deep learning features from pre-trained deep neural net-
works RWA outperformsmuch more involved end-to-end DA
methods based on deep learning.
Our contributions can be summarized as follows: (1) a new
definition of stability of a target labeling inspired by a gener-
alization bound for linear large margin classifiers; (2) a new
representation of the DA problem based on random walks;
(3) a strikingly simple method for unsupervised DA; (4) a
direct and effective way to exploit deep features from pre-
trained deep neural networks for visual adaptation tasks; (5)
new state-of-the-art results on hard adaptation tasks with im-
age as well as text data.
2 Related work
The majority of algorithms for domain adaptation try to re-
duce the discrepancy between the source and target distribu-
tions using data transformation or augmentation, an approach
motivated by theoretical studies. Many algorithms based on
this approach have been proposed.These algorithms mainly
differ in the type of transformation used and in the underlying
assumptions of the method. For instance, Subspace Align-
ment (SA) (7) is a manifold based method that projects the
source and target distributions into a lower-dimensional man-
ifold and aligns the source and target subspaces by computing
a linear map that minimizes the Frobenius norm of their dif-
ference. The more recent Correlation Alignment (CORAL)
method (21) performs domain adaptation by using a transfor-
mation that minimizes the distance between the covariance
of source and target. These algorithms are the current state-
of-the-art in the category of simple shallow methods for DA
and will be used as baselines to assess the performance of our
method. A drawback of these methods is that they are not
directly scalable to data with a high number of features. For
instance, CORAL needs to compute and invert a covariance
matrix.
Methods based on self-training employ the source labeled
data to train an initial model, which is then used to guess the
labels of the target data. On the next round, the unlabeled
data with pseudo labels are incorporated to train a new model.
This procedure is iterated for a fixed number of times, or un-
til convergence. Methods based on this approach, like (13; 2)
differ in the way target samples are added and used. A draw-
back of these methods is their possible convergence to low-
quality solutions when the source and target domain are not
strongly related (17).
Recently end-to-endDAmethods based on deep neural net-
workshave been shown to perform better than the aforemen-
tioned approaches. However they need large train data (20),
use also a few labelled target examples to tune parameters
(16) and are sensitive to (hyper-)parameters of the learning
procedure (9).
Random walks have been used in many different contexts,
in particular for semi-supervised learning, e.g. (22; 25). In
these methods a similarity graph over labeled and unlabeled
examples is used to perform label propagation. Therefore
these works and our method differ in the graph representation
as well as problem formulation.
3 Method
Let T be a set of unlabeled examples xt drawn from a tar-
get distribution T over the instance space X . Let hs be a
source hypothesis trained on a set of labeled data with exam-
ples xs drawn from a source distribution S. For simplicity,
we focus on binary classification. So the source classifier is
sgnhs. Nevertheless, the proposed method can be used with
more than two classes, as shown in the experiments.
As set H of hypotheses we consider large margin linear
Support Vector Machine (SVM) hypotheses ht over the target
input space. Our set of candidate target labelings consists of
target labelings induced by hypotheses in H.
The unsupervised domain adaptation problem is to find the
true labels of examples in T using hs and T . To solve this
problemwe propose to measure the quality of a labeling using
stability as described in the follow.
3.1 Stability of a labeling
Our definition of labeling stability is motivated by the follow-
ing generalization bound for linear SVM classifiers.
Theorem 3.1 (Theorem 6.8 (5)). Consider thresholding real-
value linear functions f with unit weight vectors. For any
probability distribution D on X × {−1, 1}, with probability
1 − δ over l random examples, the maximum margin hyper-
plane has error no more than
err(g) ≤
1
l − d
(d log
el
d
+ log
l
δ
), (1)
where d denotes the number of support vectors.
The theorem shows that the fewer the number of support
vectors the better generalization is expected.
Motivated by this result, we propose to cast DA as the prob-
lem of finding target labelings which yield SVM hypotheses
with a small number of support vectors. To solve this prob-
lem, we relate the number of support vectors of an SVM to
the stability of its predictions when trained on a random sub-
sample of the dataset. Since the SVM hypothesis does not
change when removing examples which are not support vec-
tors, if there are few support vectors then the chance that at
least one occurs in a random subsample will be small.
To exploit relatedness between source and target we com-
bine the source hypothesis hs with target hypotheses ht by
simply averaging them g = 12 (hs +ht). This choice amounts
to consider hs and ht equally relevant. Each average hypoth-
esis g can be mapped into a unique linear SVM hypothesis
h such that sgn(g(T )) = sgn(h(T )) by training the SVM
on (T, sgn(g(T )). Therefore, in the sequel, for such a g, we
implicitly refer to its corresponding linear SVM h.
Now, consider a candidate labeling Y . Let h be the SVM
trained on (T, Y ) andD the set of support vectors of h. For a
subsample B of some size m generated by random selection
with replacement, the probability that B contains all support
vector of h is
P (D ⊆ B) ≥
(
1− (1− 1/|T |)m
)|D|
≈
(
1− e−m/|T |
)|D|
.
If D ⊆ B, then an SVM trained on B will be the same
as h. So, if P (D ⊆ B) is large, then class predictions from
an SVM trained on random subsamples of (T, Y ) and those
from h are likely to be the same. However, there may be
many labelings satisfying this property. We need to consider
the popularity of Y also with respect to (SVM trained on) the
other labelings. To do so, we propose the following formal-
ization based on Markov chains.
Consider theMarkov chain with single-step transition prob-
abilities pij of jumping from any node (state) i to one of its
adjacent nodes j defined as
pij := PB[sgn((gB)(T )) = Y
j ],
where B is a random subsample of (T, Y i) of size m, and
gB = hs + hB , with hB the linear SVM hypothesis trained
on B. By the above argument, a hypothesis with few support
vectors is more robust under the transitions pij , that is, pii
is higher. In particular, it is not hard to prove the following
inequality.
Proposition 3.2. pii ≥ P (Di ⊆ B), where Di is the set of
support vectors of a SVM trained on (T, Y i).
Consider Markov chain p11 = 0.5, p12 = 0.5, p13 = 0,
p21 = 0, p22 = 0.1, p23 = 0.9, p31 = 0 p32 = 0.5, p33 =
0.5. Although states 1 and 3 have both maximum pii, state
3 is more popular and should be preferred. Popularity can
be measured by the stationary distribution pi. For a Markov
chain P = [pij ], pi is a solution to the equations
piP = pi.
The above equations expanded say that for every i,∑
j pi(j)pji = pi(i), that is, executing one step of the chain
starting with the distribution pi results in the same distribu-
tion.
If the directed graph over candidate labelings with weights
pij is strongly connected then, by the fundamental theorem
of Markov chains, pi is unique. Under this assumption we can
define the stability of labeling Y i as
Definition 3.3 (stability of a labeling). sm(Y
i) := pi(i).
pi(i) is inversely proportional to the expected amount of
time to return to state i given that the walk started in state
i. So Y with a high degree of stability will be obtained by
many hypotheses trained on subsamples of T equipped with
a labeling Y .
Computing the stationary distribution of our Markov pro-
cess is in general computationally hard, because the number
of our labelings is |T |O(d), where d is the dimension of the
feature space, and the computation of pij has complexity ex-
ponential in the number of random subsamples. we can sam-
ple target labelings from this distribution
3.2 Random walk over labelings
Therefore our practical solution is to draw samples from the
stationary distribution by running the Markov chain for suffi-
ciently long. Then we choose as the final label of each target
example the one assigned most frequently by the nodes (label-
ings) visited by the walk (the majority vote choice). If S(Y i)
is large, then Y i has higher a probability of being visited by a
walk. Hence target labelings with a higher degree of stability
are more likely to be selected.
The resulting DA algorithm is shown in Algorithm 1. RWA
considers class-balanced bootstrap samples, in order to rule
out trivial solutions which assign the same label to all exam-
ples. Class balance has been shown to be important in semi-
supervised learning, e.g. (3) and transductive learning, e.g.
(4). In our setting, this choice amounts to assume a uniform
prior over the target class distribution. The following toy ex-
ample illustrates our method.
Example 3.1. Consider source labeled dataset S =
[(−8,−1), (8, 1)] and target unlabeled dataset T =
[−9,−1, 1,+9]. The chosen values of source and target ex-
amples are not crucial. There are three feasible target la-
belings: Y1 = (−1,−1,−1,+1), Y2 = (−1,−1,+1,+1),
Y3 = (−1,+1,+1,+1). Using balanced bootstrap samples
of size 4, we get the Markov chain shown in the diagram,
where state i denotes labeling Y i.
1 2 3
1/9
1/4
1/4
1/9
8/9
1/2
8/9
This Markov chain is irreducible with stationary distribution
pi(1) = pi(3) = 9/22; pi(2) = 4/22. Therefore when starting
from target labeling Y2 from the source classifier hs(x) =
sign(x) we will repeatedly reach each state. A sufficiently
long walk will contain all three labelings. The majority vote
label of target examples −9 and +9 is −1 and +1, since all
labelings agree on that. The label of example −1 will be −1
because this is the ‘vote’ from all occurrences of Y1 and Y2,
which are expected to exceed those of Y3. Analogously, the
label of example+1 will be +1.
The following toy example illustrates the execution of
RWA on an artificial dataset.
Example 3.2. Figure 2 shows a typical run of RWA, with
K = 15 and m = n = 100, on an artificial dataset: 2.a)
shows the source hypothesis hs and the original source data.
Note that hs only is used by RWA, not the source data; 2.b)
plots the target hypothesis hB generated at the last iteration
of RWA, and 2.c) shows the combined hypothesis hs + hB ,
hs
(a) Source data and classifier.
hB
(b) Target set and hB of the last iteration.
h
(c) Final classifier hs + hB .
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Figure 2: A run of RWA on a simple dataset for domain adaptation.
Algorithm 1 RWA
Y 0 = sgn(hs(T ))
for k = 1 toK do
Bk = class-balanced bootstrap sample from (T, Y
k−1)
hk = hBk + hs
Y k = sgn(hk(T ))
end for
Y = MajorityVote(Y 1, . . . , Y K)
which makes source and target closer, resulting in a good hy-
pothesis for both of them.
4 Experimental analysis
We test the performance of RWA comparatively on 28 adap-
tation tasks. We assess all considered algorithms in a fully
transductive setup where all unlabeled instances of the target
are used during training for predicting their labels. No labeled
target domain data is used. We evaluate the accuracy as the
fraction of correctly labeled target instances.
We comparewith two state of the art shallowmethods: Cor-
relation Alignment (CORAL) (21), and Subspace Alignment
(SA) (7). Furthermore, on the Office 31 dataset, we compare
also with published results reported in (15) (based on ResNet
(50 layers) features or architecture (12)) of the following end-
to-end deep learning methods for domain adaptation. Deep
Domain Confusion (DDC) (24), Deep Adaptation Network
(DAN) (14), Residual Transfer Network (RTN) (16), Reverse
Gradient (RevGrad) (8) and Joint Adaptation Networks (JAN)
(15). We run experiments with source code of the shallow
DA methods. For deep DA methods we report the accuracies
under the same evaluation protocol from the corresponding
papers.
In our experiments RWA uses labeled source instances only
to train the source hypothesis, with internal cross-validation
to select the regularization parameter. For efficiency reasons
we consider the same regularization parameter value for all
provisional target hypotheses, computed by internal cross-
validation on the target dataset labeled using the source hy-
pothesis. In all experiments we perform K = 500 iterations.
The bootstrap samples have the same size as the target dataset
but are class balanced, that is, the size of each class in a boot-
strap sample is equal to the number of elements in the target
set divided by the number of classes. We investigate the sen-
sitivity of these choices in Section 4.2.
We use the linear SVM implemented by liblinear (6). For
multi-class tasks we use a one-versus-all strategy. The SVM
parameter C is fixed to the same value for all target hypothe-
ses. Such value is obtained by tuning C using T with labels
from hs.
4.1 Results
We perform extensive experimentswith text and image bench-
mark datasets of diverse characteristics: data with high num-
ber of features, data with a relatively small sample size, data
with a larger number of classes and large scale data.
Amazon sentiment dataset
This dataset (1) involves 4 domains Books (B), Dvd (D), Elec-
tronics (E) and Kitchen (K), each with 1000 positive and 1000
negative examples obtained from the dichotomized 5-star rat-
ing. There are over 400000 features, which are word unigram
and bigram counts. The number of features is too large for
most domain adaptation methods. Therefore Gong et al. (11)
used feature selection to reduce the data set to 400 features.
We conduct experiments with this reduced feature set and val-
idation protocol as in (21): random subsamples of the source
(1600 samples) and target (400 samples) data and standard-
ized features. The experiment is repeated 20 times.
We also report results of RWA under the same experimen-
tal protocol but with all features. In this case we can not
standardize the data, because that would destroy the sparsity,
Table 1: Accuracy on the Amazon sentiment dataset using the stan-
dard protocol of Gong et al. (11); Sun et al. (21). Mean and standard
deviation over 20 runs are shown.
K→D D→B B→E E→K avg
400 features
Source SVM 73.3±1.9 78.3±2.3 75.6±1.5 83.1±1.8 77.6±1.1
SA 73.3±1.9 78.3±2.3 75.6±1.5 83.1±1.8 77.6±1.1
CORAL 73.5±1.8 78.3±2.0 76.1±1.7 83.1±1.9 77.7±0.8
RWA 74.5±2.2 78.8±2.2 78.0±2.0 83.8±2.1 78.8±1.0
All features
Source SVM 73.8±2.3 78.8±2.1 72.6±2.3 85.9±1.7 77.8±1.1
RWA 76.7±2.8 80.9±2.2 78.8±2.7 86.2±2.2 80.7±1.4
instead we normalize by dividing each feature by its standard
deviation. Table 1 reports average accuracy, which shows
that, contrary to reports in previous works, using all features
is beneficial.
Office-Caltech 10 object recognition dataset
This dataset (10) consists of 10 classes of images from an of-
fice environment in 4 image domains: Webcam (W), DSLR
(D), Amazon (A), and Caltech256 (C). The dataset uses 800
SURF features, which we preprocess by dividing by the
instance-wise mean followed by standardizing. We follow the
standard protocol (10; 7; 21), and use 20 labeled samples per
class from the source domain (except for the DSLR source
domain, for which we use 8 samples per class). We repeated
this experiment 20 times, and report the average accuracy in
Table 2. RWA achieves state-of-the-art results, with a sub-
stantial increase in accuracy over no adaptation (from 39% to
47% for C→W).
In addition to the SURF features, we construct deep fea-
tures from the Resnet network (50 layers) (12), a deep neural
network that was pre-trained on Imagenet dataset. We rescale
the images to 288×288 pixels, and then take 9 different crops
of 224× 224 pixels which we pass through the network. We
then repeat this procedure for the horizontally flipped image,
and we use the output of the nonlinearities on the last hidden
layer as features, averaging over the different crops and flips.
This corresponds roughly to the common data augmentation
strategy used when the network was trained. With these deep
features, RWA shows a substantial increase in the accuracy
compared to no adaptation and to other adaptation methods.
Office dataset 31
We next consider the standard Office dataset 31 (18) which
contains 31 classes (the 10 from the Office-Caltech 10 plus 21
additional ones) in 3 domains: Webcam (W), DSLR (D), and
Amazon (A). In addition to Resnet, we also consider deep fea-
tures from the 7th layer of AlexNet publicly available in (23),
another deep neural network trained on Imagenet, which was
also used in recent works, e.g. (21). We found it beneficial to
increase sparsity by rectifying these features, or equivalently,
taking the activations of the networks after the rectifying non-
linearities. We then normalize by dividing by the standard
deviation only.
We run experiments using all labeled source and unlabeled
target data. Results of experiments on this dataset are shown
in Table 3. These results show that RWA achieves state-of-
the-art results, and outperforms other shallow DA algorithms
by a large margin. Also in this case, the gain in the accuracy
is rather large when performing adaptation with deep features
over hard transfer tasks such as A→W (from 77.1% to 90.6%)
and on D→A (from 62.2% to 74.4%).
We also compare the results with deep features to those
of other neural network based domain adaptation methods.
RWA achieves results comparable or better than those ob-
tained by end-to-end methods based on deep neural networks.
Execution of SA with DECAF features did not terminate af-
ter 5 days. Note that the considered deep end-to-end methods
use weights pre-trained on Imagenet. Furthermore RTN uses
target labels to perform model selection.
Cross Dataset Testbed
Finally we consider a larger scale evaluation using the Cross
Dataset Testbed (23), again using rectified deep features ob-
tained with DECAF. The dataset contains 40 classes from 3
domains: 3847 images for the domain Caltech256 (C), 4000
images for Imagenet (I), and 2626 images for SUN (S). Re-
sults of these experiments are shown in Table 4. Also on this
dataset RWA obtains best results, and improves by a large
margin over no adaptation. Previous papers have used stan-
dardization of the features.
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Figure 3: Average accuracy of RWA over all domains of the Amazon
dataset, as a function of the number of iterations and the number of
bootstrap samples per class (the dataset has 1000 samples per class).
4.2 Sensitivity analysis
RWA is a stochastic method, since it relies on bootstrap sam-
ples in each iterations. Experiments indicate that the variance
Table 2: Accuracy on the Office-Caltech 10 dataset, using the standard protocol of Gong et al. (10); Fernando et al. (7); Sun et al. (21). Mean
and standard deviation over 20 runs are shown.
A→C A→D A→W C→A C→D C→W D→A D→C D→W W→A W→C W→D avg
SURF features
Source SVM 36.3 36.7 35.9 45.0 42.1 39.1 34.6 32.1 75.8 37.9 33.9 73.5 43.6
±1.6 ±3.3 ±2.5 ±2.2 ±3.3 ±3.8 ±1.0 ±0.9 ±2.4 ±0.5 ±1.2 ±3.4 ±1.0
SA 43.0 37.6 37.1 47.3 42.2 38.3 38.1 33.7 79.2 37.3 33.4 78.2 45.4
±0.0 ±3.5 ±2.4 ±2.0 ±3.1 ±4.5 ±1.4 ±1.1 ±1.6 ±1.5 ±1.4 ±2.8 ±0.8
CORAL 40.3 38.7 38.3 47.9 40.3 40.2 38.2 33.8 81.7 38.8 35.0 84.0 46.4
±1.6 ±2.8 ±3.7 ±1.6 ±3.4 ±4.1 ±1.2 ±0.9 ±1.8 ±0.9 ±0.8 ±1.7 ±1.0
RWA 35.9 39.2 40.1 48.8 43.4 47.5 38.2 32.5 79.2 39.7 34.8 74.5 46.1
±2.4 ±4.4 ±4.5 ±3.7 ±4.3 ±6.1 ±2.1 ±2.2 ±3.2 ±1.6 ±1.1 ±3.9 ±1.3
ResNet 50 features
Source SVM 89.4 92.3 89.7 93.6 91.0 87.6 91.2 86.7 97.9 90.5 86.0 99.9 91.3
±1.2 ±2.6 ±2.5 ±0.7 ±2.3 ±3.2 ±1.0 ±1.0 ±1.2 ±1.0 ±0.8 ±0.2 ±0.7
SA 88.9 91.8 89.8 93.4 90.3 90.2 91.4 85.8 97.8 90.7 85.4 99.8 91.3
±1.3 ±2.7 ±1.3 ±0.7 ±2.2 ±2.1 ±1.0 ±0.9 ±1.1 ±1.0 ±1.0 ±0.4 ±0.5
CORAL 89.2 92.2 91.9 94.1 92.0 92.1 94.3 87.7 98.0 92.8 86.7 100.0 92.6
±1.0 ±3.5 ±1.9 ±0.6 ±2.5 ±2.4 ±0.9 ±1.1 ±1.2 ±0.6 ±0.8 ±0.1 ±0.6
RWA 93.8 98.9 97.8 95.3 99.4 95.9 95.8 93.1 98.4 95.3 92.4 99.9 96.3
±0.7 ±1.7 ±2.0 ±0.5 ±0.7 ±3.1 ±0.1 ±0.5 ±1.3 ±0.5 ±0.5 ±0.2 ±0.4
Table 3: Accuracy on the Office 31 dataset.
A→D A→W D→A D→W W→A W→D avg
DECAF-fc7 features
Source SVM 58.4 53.1 43.2 86.3 43.6 90.4 62.5
SA - - - - - - -
CORAL 60.0 56.7 44.7 89.1 45.0 93.4 64.8
RWA 65.1 62.8 53.6 87.8 50.9 91.8 68.7
ResNet features
Source SVM 79.7 77.1 62.2 98.4 61.8 100.0 79.9
SA 79.9 79.1 63.2 98.1 61.5 99.8 80.3
CORAL 80.9 77.6 58.8 98.6 59.9 100.0 79.3
RWA 90.0 90.6 74.4 99.0 73.7 99.6 87.9
Deep Neural Networks (ResNet based)
DDC 76.5 75.6 62.2 96. 0 61.5 98.2 78.3
DAN 78.6 80.5 63.6 97.1 62.8 99.6 80.4
RTN 77.5 84.5 66.2 96.8 64.8 99.4 81.6
RevGrad 79.7 82.0 68.2 96.9 67.4 99.1 82.2
JAN 84.7 85.4 68.6 97.4 70. 0 99.8 84.3
in the results over multiple runs is small. For instance, aver-
age standard deviation of the accuracy over 10 repetitions on
the full Office-Caltech dataset with SURF features is 0.9, and
on the on the Amazon dataset it is 0.1, which shows that the
method is robust.
RWA has two parameters: K , the number of iterations, and
m, the size of the bootstrap sample. We investigated empir-
ically how the choice of these parameters influences the re-
sults. Figure 3 shows the results of these experiments on the
Amazon sentiment analysis dataset. We can see that if the
bootstrap sample is too large, then the iterates hk are very
similar, and the method can take a long time to converge. But
on the other hand, if the sample is too small, the iterates be-
come noisy, and have a low accuracy. By itself, noisy iterates
are not a problem, since the ensemble prediction will still be
good, as can be seen in Figure 3b. Although our sensitivity
analysis indicates a good convergence behaviour of RWA, in
Table 4: Accuracy on the Cross Dataset Testbed.
C→I C→S I→C I→S S→C S→I avg
Source SVM 68.7 22.4 76.2 24.9 29.5 30.5 42.0
SA 68.8 23.0 74.9 24.9 30.5 31.1 42.2
CORAL 69.0 23.6 75.9 25.7 34.8 34.2 43.9
RWA 74.5 25.1 80.5 27.4 40.9 42.8 48.5
general RWA is not guaranteed to converge, as shown for in-
stance by our toy example.
5 Conclusions
We presented a new method for unsupervised DA based on
a random sampling strategy controlled by a given source hy-
pothesis.
Our final majority vote classifier is piecewise linear. This
may be a limitation in case of highly non-separable domains.
All other baselines here considered use more involved forms
of non-linearity, either in the features they construct, or in the
architecture. Although results of our experiments showed that
on visual domain adaptation tasks RWA profits from the use
of deep features from pre-trained models and performs on par
with end-to-end deep neural networks methods, it remains to
be investigated whether non-linear extensions of RWA could
be even more effective.
When the source classifier assigns the same label to all tar-
get instances, the corresponding state in our Markov chain
has a self-loop with transition probability 1. By assuming ir-
reducibility of the Markov chain this case is ruled out. A less
strong assumption is the reachability of the true target label-
ing from the initial labeling based on hs. It remains to be
investigated how this desirable property can be characterized
or enforced in terms of domain discrepancy.
RWA combines source and target hypotheses by their aver-
age. More sophisticated integration techniques, like hypothe-
sis transfer, e.g. (19), could possibly be more beneficial than
our simple choice.
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